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Introduction
Transgender issues and images have been increasingly present in popular media, literature, journalism, and the legal landscape of the United States. The popular television show, Glee, featured a transgender high school student in 2012; the 2013 series, Orange is the New Black, alerted viewers to unique issues of race and gender identity that inmates and their families face by featuring a 1 black transgender prisoner played by transgender actor Laverne Cox; and in the same year, retired Navy SEAL Kristin Beck published her memoir about coming out as a transgender woman after 20 years of decorated service (Votta, 2012; Ryan, 2013; Stanglin, 2013) . At the same time, California passed a 2013 law protecting the rights of transgender elementary and high school students to utilize restrooms and participate in sports teams that reflect their asserted gender identities; Cook County Jail-and jails around the country-have begun to update their policies around transgender detainees; and a $1.35 million grant was recently opened to assess how transgender soldiers could serve openly in the military (Lovett, 2013; Lu, 2011; Sosin, 2013) .
Despite increasing awareness of transgender issues and numerous qualitative studies on transgender experiences, there is very little quantitative evidence about the social and economic lives of transgender people in the United States. The main challenge-but certainly not the only challenge-is one of data. Random sample surveys are not feasible, since sample sizes would need to be impractically large to ensure adequate coverage of the transgender population. 1 1 A notable exception is the Massachusetts Behavioral Risk Factor Surveillance System Survey, which is a telephone survey that began to include a question about transgender identity in 2007. Conron et al. (2012) pool several years of the survey to obtain estimates of the transgender population in the state; 0.5 percent of their sample identified as transgender, although the survey does not permit researchers to distinguish between transgender men and transgender women.
Another important challenge, however, is definitional. Even if there were a large enough survey to ensure a large random sample of transgender people, it is not clear what question (or questions) would address the various understandings of the word 'transgender' or the many incarnations that gender identity takes once we abandon the framework of binary sex categories.
This paper identifies likely transgender individuals in a large, confidential, national data source and then links those individuals to their 2010 Census records. Specifically, I analyze the Social Security Administration (SSA) Numerical Identification System (the "Numident"), which contains information on first and middle names, sex-coding, and date of birth for every holder of a Social Security Number (SSN). I identify all adult SSN holders who permanently change their first names-or their middle names, in cases of gender-neutral first names-from traditionally male to traditionally female names (or vice versa). Because the Numident includes information on sexcoding, I also identify those who permanently change their sex-coding in the same direction as their name change. From October 2002 through the summer of 2013, the SSA required evidence of genital sexual reassignment surgery (SRS) for a person to change the sex-coding on his or her records. Therefore, while looking at name changes alone corresponds to a person's presentation of gender in society, looking at coincident changes in names and sex-coding during certain periods in the SSA's history corresponds to a definition of transgenderism that depends on surgical intervention. 2 Using these two main identification strategies, I explore the following research questions: First, how many adult SSN holders have changed the personal information on their accounts in ways that are consistent with a gender transition, and to what extent have the rates of transgender-consistent changes grown or decreased since the creation of the SSA in 1936? Second, among those who were alive on April 1 2010-the 2010 Census day-how many change their names only, and how many change both their names and their sex-coding? Of those who change both their name and their sex-coding, do they typically change their name first and their sex-coding later, or do they typically change both their name and their sex-coding simultaneously? Finally, by linking to the 2010 Census, I am able to answer questions about basic demographic characteristics and residential patterns.
I find that since the SSA's inception in 1936, as many as 135,367 individuals changed their name or sex-coding in ways that are consistent with a gender transition. While transgender-consistent claims registered with the SSA are evident in the agency's earliest years, the frequency of such claims increased dramatically during the SSA's history. This growth primarily mirrored growth in all other types of claims, reflecting both a growing population as well as an increased use of the SSN as a universal identifier. Of those 135.4 thousand likely transgender individuals, 89,667 were alive during the 2010 Census. Most had changed their name from one gender to another, but 21,833 had also changed their sex-coding.
People who change both their names and their sex-coding most commonly change both pieces of information concurrently, although just over a quarter change their name first and their sex-coding 5-6 years later. Most are in their mid-thirties when they begin to register these changes with the SSA, although (male to female) transgender women frequently begin the process somewhat later in life.
Linking individuals to their responses in the 2010 Census provides even more detail. While the likely transgender individuals in the SSA data are more likely to report their race as White alone, the proportion who identify as Black alone is greater than in other studies that tend to underrepresent non-white populations. Similarly, I am able to identify a greater proportion of likely transgender individuals who report Hispanic origin than in previous work, suggesting my approach may be beneficial in identifying transgender individuals who are members of racial and ethnic minority groups.
Another important finding from the linked data is that individuals in the SSA files who are likely to be transgender are much less likely than non-transgender individuals to respond to the Census question on sex. Those who do respond to the question are much more likely than non-transgender individuals to check both options (that is, both "M" and "F") on the Census questionnaire. Nearly all surveys, censuses, and forms impose binary responses to questions about gender. These findings point both to the limitations of framing questions about gender in this way as well as to the need for more research on how transgender individuals interpret such questions.
Finally, the linked data allow me to investigate patterns of residential sorting across states. I find that likely transgender individuals in the SSA files are overrepresented in states with laws banning discrimination on the basis of gender identity or expression. In addition, the states where likely transgender individuals are most underrepresented have no anti-discrimination laws.
I am unaware of any other study that looks at the history of transgender individuals' interactions with the SSA, the ways likely transgender individuals respond to the question about sex on the Census, or residential sorting patterns of transgender individuals in the U.S. While previous research has documented in-sample demographic characteristics and transition pathways, none is based on so many observations. To my knowledge, each of the paper's findings-particularly in the U.S. context-is an empirical contribution.
This paper also represents a major methodological contribution. The use of administrative records in transgender-related research is rare. I know of only two other studies that use administrative data: Veale (2008) uses New Zealand passport data, and Weitze and Osburg (1996) uses German court records. This is the first North American study to use administrative files to learn about transgender individuals. It is also the first study, to the best of my knowledge, to link the administrative records to other data that has more information about likely transgender individuals' demographic and residential characteristics. This approach is a major innovation in its own right, but it also paves the way for future research using linked data to learn about earnings and employment, marriage and divorce rates, household composition, and incarceration rates of likely transgender individuals.
The remainder of the paper is as follows. Section 2 provides a brief overview of how we think about gender identity, the way gender is encoded (and changed) with the SSA, and a review of the literatures on incidence, prevalence, and demographics of transgender populations. Section 3 describes the data and methodology, Section 4 describes the empirical results, and Section 5 provides concluding remarks.
2 Literature Review and Background
Background
A fundamental distinction in transgender studies is between the concepts of sex and gender. Generally speaking, the term sex is used to refer to the biological characteristics that are used to categorize individuals as male, female, or intersex. The concept of gender, on the other hand, refers to "the socially constructed roles, behaviors, activities, and attributes that a given society considers appropriate for men and women" (WHO, 2014) . Typically, while words like male and female refer to a person's sex, words like masculine, feminine, man, and woman all refer to expressions of gender. Usually, a person's gender is assigned by society at birth, based-correctly or incorrectly-on the assessment of that person's biological sex. The term transgender describes anyone who lives their life identifying as and expressing a different gender than the one assigned to them at birth (Spade, 2008) . Transgender men are men who were assigned a feminine gender at birth. Transgender women are women who were assigned a masculine gender at birth. 3
3 People who identify as genderqueer do not identify with either of the dominant gender roles.
Transgender individuals may use hormones, elect for gender-affirming surgery (also referred to as sex change or sex reassignment surgery), some may change their names, some might not. As noted above, my approach will only identify transgender men and women who have legally changed their first names and, in some cases, their sex-coding with the SSA.
Such updates to legal information are likely to be common for transgender individuals in the U.S. It is very important for a person's documented identity to match the basic characteristics of that person's social and physical identity. This was recognized as early as 1967, when one of the first U.S. surgeons to perform sex reassignment surgeries (SRS), Harry Benjamin, wrote "[Transsexuals] want a change of their legal status...constant fear of discovery, arrest, and prosecution makes life miserable for them before the operation...even afterwards they have to fight for the necessary legal changes." (Benjamin, 1967) . Although the quotation gives greater weight to SRS than is typically given today, the point is clear. Barriers to updating the sex-coding and name on a driver's license, birth certificate, passport, or social security card can lead to involuntary disclosure of transgender status to police, sales clerks, employers, and any of the many other people who ask for identification throughout daily life. This can in turn expose transgender people to discriminatory treatment and violence (Grant et al., 2011; Spade, 2008) . Thus, the incentives for transgender people to update their identity documentation are strong; however changing gender documentation with several states and federal institutions can be extremely difficult, and this can result in a single person's gender being inconsistently documented. In a comprehensive inventory of gender documentation policies across various record-keeping agencies at both the state and federal levels, Spade (2008) illustrates this point. For example, until 2013 a transgender man who underwent hormone therapy and chest surgery, but not genital surgery, could change the sex-coding on his passport but not in his SSA records.
To change information associated with an SSN, a person must complete and submit a form SS-5 to the SSA. The SS-5 is used for surname changes, corrections to information on date of birth, corrections to erroneously entered sex-coding, and of course changes to first names and 4 changes to sex-coding following gender transitions. Attaining original documentation on historic policies about the requirements for sex-coding changes for transgender individuals was very difficult, however the SSA's History Museum and Archives proved to be helpful in this regard. Originally, individuals could apply for, obtain, and update the information associated with a Social Security card by allegation alone. Indeed, Puckett (2009) points out that at the beginning of the SSA, the information on a person's record was based exclusively on what that person asserted to be true. During the 1970s, policies were developed to tighten security and limit fraud, however, the first written policy for changing sex information associated with a person's account appeared in November, 1980. This policy required "...clinical or medical records, or other combination of documents showing the sex change, or any medical record showing the sex-change surgery has been started" (Richard Gabryszewski, personal communication, 4 December 2014) . This policy did not change until October 2002, when the SSA adopted the stricter requirement that the surgery needed to be completed prior to the application (Spade, 2008) . Less than a year later, in August 2003, the SSA further required that a surgeon or attending physician provide a letter verifying the surgery had been completed (Richard Gabryszewski, personal communication, 4 December 2014) . This was the policy in place during the 2010 Census, although the SSA recently updated the policy and no longer requires surgery (SSA, 2013).
Literature

Prevalence studies
The earliest scientific studies of transgender issues began by asking the most fundamental questions: how many people are transgender, and what is the ratio of transgender women (male to female) to transgender men (female to male)? These studies are almost exclusively concerned with quantifying the number of people who request or undergo SRS. Benjamin (1967) , drawing on records from his own practice, indicated that for every 8 male to female patients, he had one female to male patient, and this basic relationship persists in subsequent studies. Using information on applications for SRS in the late 1960s, Pauly (1968) estimated that 2,000 transgender women and 500 transgender men were living in the United States (for a ratio of 4:1). The vast majority of these kinds of studies, however, are based on European data. Wålinder (1968) conducted a census of all psychiatric practices in Sweden and found 1 in 54,000 individuals asked for or received SRS, and a much lower ratio of 2.5:1 transgender women to men. Other studies based on national medical registries or censuses of practitioners have been conducted in Australia, Belgium, Japan, the Netherlands, Scotland, Singapore, and the United Kingdom (Bakker et al., 1993; De Cuypere et al., 2007; Landén et al., 1996; Okabe et al., 2008; Reed et al., 2009; Ross et al., 1981; Wilson et al., 1999; Tsoi, 1988) . The estimates range somewhat broadly, and it may be helpful to put them in the context of the U.S. during the 2010 Census. Using the estimates above and the 2010 Census figures for the population over 15, this earlier research suggests there would be as few as 370 up to 56.8 thousand transgender individuals in the U.S. during the 2010 Census (US Census Bureau, 2010). The variation in estimates is due not only to the variety of contexts, methodologies, and time periods under which the studies were conducted, but also to the range of definitions used for considering a person as transgender. Notably, each of these studies requires a person to at least request SRS.
The two studies that are methodologically most similar to this one are by Weitze and Osburg (1996) and Veale (2008) . Both utilize administrative or court records, and in both cases their counts are not limited to individuals who have undergone SRS. Using court records from (then West) Germany from 1981 to 1991, Weitze and Osburg (1996) count the number of petitions for legal name and sex-coding changes under the "Act on the Changing of First Names and the Determination of Sex Membership in Special Cases", also known as Das Transsexuellen-Gesetz or Transsexuals' Act. The authors estimate that up to 2.4 per 100,000 of the adult German population submitted an application for either a name change or a sex-coding change (or both); of these, for every 2.3 transgender women there was one transgender man. Extrapolating these figures to the U.S. data, as above, yields estimates of approximately 2,000 transgender women and 900 transgender men, a relatively small number. Despite their low estimate, a unique feature of the German data is that it also allows Weitze and Osburg (1996) to calculate the percentage of those who requested a name change but not a sex-coding change. The authors find that up to 30 percent asked only for a name change.
Veale (2008) evaluates administrative records from the New Zealand Department of Internal Affairs Passport Office. Beginning in 1995, New Zealand passport holders have been allowed to change the sex-coding on their passports from "M" or "F" to "X" if they declared they lived as a gender other than the one reflected on their passport and if they had legally changed their first name. Passport holders may change the sex-coding from "M" to "F" (or vice versa) if they undergo SRS. Veale (2008) estimates prevalence rates at 1 out of 3,639 for transgender women and 1 out of 22,714 for transgender men, which would indicate approximately 38.7 thousand transgender adults reside in the U.S. Importantly, only 28.6 percent of the people in the New Zealand passport data change their sex-coding to an "M" or "F", suggesting very few transgender individuals actually undergo SRS.
Indeed, focusing solely on those who have requested or undergone SRS may severely underrepresent the size of transgender population. In a recent study, Gates (2011) models the size of the U.S. transgender population using results from two state-level population surveys that allow transgender respondents to self-identify as such. Gates (2011) estimates that just over 697 thousand transgender individuals reside in the U.S. In both cases, the surveys used broad definitions of what it means to be transgender and placed no restriction that respondents must have undergone SRS.
Demographics
Most U.S. studies that are based on small-scale samples from focus groups, personal interviews, or similar research designs include descriptions of the sample demographics (e.g., Bender-Baird, 2013; Factor and Rothblum, 2007; Schilt, 2006; Schilt and Wiswall, 2008) . Typically, as authors are quick to point out, the samples are disproportionately white and tend to have higher educational attainment than the general population. Such research designs give extremely detailed information about respondents' experiences; and despite the hazards associated with extrapolating from such samples, most of what we know comes from this body of research. Very little research using large data sets or representative survey data explores the demographic characteristics of transgender individuals living in the U.S. Of those that do, such studies tend to use two broad categories of data.
The first and more common research design uses targeted sampling (e.g., convenience, snowball, or internet sampling), but the scale is substantially larger than in the more qualitative studies described above. Among these, the best known is probably the National Transgender Discrimination Survey (NTDS), a national online and paper-based survey of 6,456 transgender and gender non-conforming individuals during 2008 (Grant et al., 2011) . Survey respondents were recruited from several community centers, social organizations, list serves, and some in-person paper surveys. The NTDS has extremely detailed information on current and past experiences of the transgender individuals who participated in the survey, and it is of great value. Still the NTDS sample, like those described above, underrepresents non-white populations and over-represents highly educated populations. Additional differences between the in-person and online respondents demonstrate the importance of data collection methods for the demographic composition of the sample (Reisner et al., 2014) . Other examples of large-scale convenience samples include an internet survey by Rosser et al. (2007) , the California Transgender Economic Health Survey, and the Massachusetts Department of Public Health MassEquality Survey (Hartzell et al., 2009; Landers and Gilsanz, 2009) . Each of these studies provides important information, but the samples appear to be quite skewed in terms of respondents' demographic characteristics.
The second set of data come from surveys that use random sampling. While these data are typically regarded as providing the most representative sample, it is extremely expensive to carry out a survey with a large enough sample of transgender individuals to make inferences about the population, and one must always consider the role of response bias. I am aware of only two such surveys, both of which are at the state level. The California LGBT Tobacco Use Survey employed stratified random sampling in a telephone survey of the LGBT population in California during 2003 and 2004 . While the survey report did not present demographic characteristics for transgender individuals and instead pooled all lesbian, gay, bisexual, and transgender respondents together, it is important to note that the sample was less likely to report non-white race or Hispanic origin than the rest of the population (Bye et al., 2005) . The Massachusetts Behavioral Risk Factor Surveillance System (MA-BRFSS) is a representative sample of households in Massachusetts, and, to my knowledge, the only survey that is representative of the entire population while also permitting identification of transgender respondents. These data are unique in that the transgender respondents are less likely to report their race as white and much more likely to report Hispanic origin than the non-transgender population (Conron et al., 2012) . 4 Unfortunately, the MA-BRFSS does not allow researchers to distinguish between transgender men and transgender women.
Analytic Framework
SSA administrative records
The data used in this paper are administrative records from the SSA, provided to the Census Bureau under Titles 5, 13, and 42 of the U.S. Code. 5 5 Specifically, 5 U.S.C. §552a (b) (4), 13 U.S.C. §6, and 42 U.S.C §902 and §1306. Ensuring confidentiality of the data are the primary concern at the Census Bureau; data stewardship training is required annually for all staff, and severe penalties exist for any misuse of data.
The SSA Numident is an administrative database containing the name, date of birth, and a sex-coding for every SSN holder. Furthermore, the Numident contains a record for every claim that changes the information associated with a given SSN. The Census Bureau acquires the Numident through a data sharing agreement with SSA, and uses the data to facilitate record linkage and statistical operations. In addition, the SSA sends quarterly updates to inform the Census of the creation of new SSNs as well as changes and corrections of information associated with existing SSNs. Thus, the Numident contains a record of every claim for the population of SSN holders as of the most recent update. This study evaluates all the Numident records from 1936 to the end of 2010. These administrative records, alone, are sufficient to answer the first three research questions about the historic trends in likely-gender transitions, the number of likely transgender SSN holders as of the 2010 Census, and the paths people take with regard to timing of name and sex-coding changes. Later, I will discuss how linking individuals to their 2010 Census responses will help answer the remaining research questions on the demographics and geographic characteristics of the likely transgender individuals in the SSA data. 6 6 The Census Bureau is analyzing the use of administrative records to improve data quality and reduce respondent burden in its surveys and censuses. Record linkage in Census Bureau processes or products requires administrative records with consistent and high-quality information on name, date of birth, and sex. Researching the transgender population provides valuable insight to researchers and practitioners by exploring how name and sex-coding changes legitimately appear in the SSA file and other administrative data sources. This is an important step in understanding that changes in first name and sex data are not necessarily anomalies or errors. Table 1 shows the layout of the SSA files, using fictitious data and variable names for illustrative purposes. The first column shows each record's Protected Identification Key (PIK), or unique person identifier used by the Census Bureau to link individuals' records across data sets while simultaneously protecting their confidential information. Section 3.2 discusses PIK assignment and record linkage in greater depth. Within a given PIK, each row represents a claim. Any time an SSN is created or information associated with an existing SSN is changed, that event is registered as a claim. Table 1 provides examples of claims associated with changes to given names, surnames, date of birth, and sex-coding. For instance, John Doe (PIK=01) corrected a transposed month and day in his date of birth record; Jane Smith (PIK=02) changed her surname to Doe, consistent with the popular convention of married women adopting their husbands' surnames; and John Miller's (PIK=08) apparently mis-entered sex-coding was corrected when he was under 2 years old.
In order to identify likely transgender people, the first step is to distinguish people whose first name or sex-coding changed from those whose first name and sex-coding were stable. In the example in Table 1 , PIKs 01-06 are "stable", while PIKs 07-10 feature a change in the first name, sex-coding, or both. Table 2 shows the total number of claims, the total number of unique PIKs, and the average number of claims per PIK within the data. These figures are also given for the set of PIKs with stable first name and sex-coding information, by sex, and the set of PIKs featuring a change in first name, sex-coding, or both. After dropping those who were not at least 16 years old as of April 1 2010 (Census day), my data include 828.0 million claims associated with 374.2 million unique PIKs. The average person had 2.2 claims associated with their Numident record. For the vast majority of PIKs-347.8 million, or 93.0 percent-we observe no first name or sex-coding changes. Nevertheless, these "stable" records have 2.2 claims associated with their Numident record on average. Changes to these records might include corrections to erroneous dates of birth (as in John Doe's (PIK=01)), changes of surnames (as in Jane Smith's record (PIK=02)), or records of death (as in Jane Johnson's record (PIK=09)). There is, however, substantial heterogeneity across males and females with regard to the average number of claims per person. While the average male with a stable record makes 1.8 claims, the average female makes 2.4 claims. This is likely due to the common custom of adopting the surname of one's husband. The remaining 26.3 million "non-stable" records exhibit at some point a change in their first names, sex-coding, or both. Of the non-stable records, there were 24.7 million changes to first names but not sex-coding (93.6 percent), 1.4 million changes to sex-coding but not name (5.2 percent), and only 328.4 thousand changes to both (1.2 percent).
Modeling gender transitions
Only some of the people who have changes to their first names or sex-coding (or both) are likely to be transgender. To identify those who are most likely to have undergone a gender transition, I look first for those who changed their name from a traditionally male name to a traditionally female name, or vice versa. Among those whose name changes are consistent with gender transition, I then identify people whose sex-coding changed in the same direction as their first name. To simplify my analysis and to reduce the likelihood of false-positive assignment of transgender status, I ignore those who changed their first name or sex-coding before turning 16 years old as well as those who later changed their first name or sex-coding back to the original version. Note that these rules need not apply in principle. People can and do transition before turning 16. Further, gender can be a fluid concept; people can (and do) transition from one gender to another and back again. 7 These rules are instead meant to limit the possibility of falsely identifying a person as transgender.
Determining the gender of a name
Using the 347.8 million stable records, I construct name-sex crosswalk tables showing, for every name, the proportion whose sex-coding is "M" and the proportion that is "F". Since the gender of names changes over time, I generate these crosswalks by birth-decade (Barry III and Harper, 1993; Lieberson et al., 2000; Rossi, 1965) . 8 I then link the crosswalk, by name and birth decade, onto the 25.0 million records with non-stable first names, first by the original first name and then by the new first name. I can identify name changes that are consistent with gender transitions by comparing the likelihood that the original first name is male to the likelihood the new first name is male.
Within the context of Table 1 , PIKs 1-6 are used to construct the name-sex crosswalks. The name John is associated with an "M" sex-coding 100 percent of the time, and the name Jane is never associated with an "M." However, the name Val is associated with an "M" 50 percent of the time. Figure 1 shows the distribution of likelihoods that a name is male. The sharply bi-modal shape of the distribution makes it immediately clear that most names are either strongly male or strongly female. Approximately 40 percent of all names in the 347.8 million stable records always belonged to people whose sex-coding was "M", while about 52 percent of all names belonged to people whose sex-coding was "F". Only about 3 percent of all names were perfectly gender-neutral. While Figure 1 characterizes the distribution of names, Table 3 presents the number of individuals with stable records whose names were male or female 90 percent, 95 percent, and 99 percent of the time. Panel A shows that most males had strongly male names. Only 6.3 percent of males had names that were associated with males in fewer than 90 percent of the cases, and 81.5 percent of males had names that were associated with males 99 percent of the time or more. Panel B shows similar results for females, although females are slightly more likely to have names that are female in fewer than 90 percent of the cases. The take-away message is that there is very little ambiguity in determining the gender of a person's name: very few given names are gender-neutral, and very few people have gender-neutral names.
Determining which name changes are likely transgender
I have no prior notion of what likelihood threshold is sufficient to confidently classify a name as likely male or likely female, so I present results for three progressively demanding sets of thresholds: 10 and 90 percent, 5 and 95 percent, and 1 and 99 percent. That is, for the first set, a name is categorized as likely male (female) if 90 percent or greater (10 percent or lower) of all stable records with that name had a sex-coding that was "M" ("F"). I call this the 90 percent confidence threshold. I similarly define the 95 percent confidence threshold and the 99 percent confidence threshold. Note that name combinations that meet the 99 percent threshold also meet the 90 and 95 percent thresholds, so these are not mutually exclusive categories. If a person's first name is gender-neutral (i.e., if it does not meet the 90 percent confidence threshold or higher), then I use the gender of that person's middle name.
This framework considers a name change to be consistent with a gender transition if (a) both the original and the new first name fall within the specified confidence threshold, (b) the gender of the original first name matches the original sex-coding on the account, (c) the gender of the new first name is different than the gender of the original first name, and (d) the name change is not reversed later. 9 9 The requirement that the gender of the original name matches the sex-coding on the account ensures we do not falsely identify people as likely transgender if they change their gender non-conforming names to gender-conforming names later in life. That is, if a boy named Sue changes his name to Stu, requirement (b) in the list above prevents us from accidentally counting this person as likely transgender.
To illustrate the application of these rules, we return to Table 1 . Jane Johnson's (PIK=09) name change from John is considered consistent with a gender transition, since both John and Jane surpass the 90 percent confidence threshold. The same logic applies to John Brown's (PIK=10) name change from Jane Brown. However, Jane Thompson's (PIK=07) name change from Val is not classified as consistent with a gender transition, since the name Val does not meet the minimum confidence threshold. If this person's original middle name was identifiably male, then we would classify Jane Thompson as transgender.
Of course, the actual cases in the Numident are not as straightforward as those described in Table 1 . In particular, both accidental perturbations in how an individual's first name is spelled over the lifecycle (e.g., transposing letters), as well as intential differences (e.g., using nicknames), will lead that person to be identified as a name-changer and potentially transgender. Falsely identifying someone as a name-changer is problematic in its own right, but it can lead to serious measurement error when we also use the gender of a person's middle name. For example, it is common for married women to list their maiden surname in the middle name field. Since many surnames are also used as male's names (e.g., Harrison, Jefferson, etc.), false-positive identification of a woman as a likely transgender man can be an issue. To illustrate using fake names, suppose "MARY JANE RICHARD" gets married to "WILLIAM WILLIAMS." Mary files an SS-5 to adopt her married name and change her maiden name to her middle name. Either when filling out the form or when transcribing it, two letters in her first name are accidentally transposed, so her new name is encoded as "MAYR RICHARD WILLIAMS". Because her first name changes from "MARY" to "MAYR", she falls into the set of potential transgender individuals. "MARY" is a female name, but "MAYR" is neither male nor female. If we use the gender of her new middle name, "RICHARD", she will be falsely classified as likely transgender, since her first name changed from the traditionally female "MARY" to the traditionally male "RICHARD". To avoid these scenarios, I use the SAS SPEDIS function to eliminate people with small spelling distances between the new first name and the original first name. I also exclude using the gender of the (new) middle name if that middle name ever appeared as that person's last name. The benefit of these rules is that they reduce the chances of false-positive classification of individuals as likely transgender. The cost, however, is many transgender people in the data will be identified as non-transgender. Using information on sex-coding, however, can reduce even further the chances of false-positive measurement error.
Sex-coding changes
Using information on name changes alone is a more inclusive strategy for identifying likely transgender individuals, since it does not require changes in sex-coding, which typically require costly and not always preferred genital sexual reassignment surgery. Nevertheless, identifying those who changed the sex-coding associated with their SSNs is interesting in its own right and can provide additional reductions of false-positive measurement error. Returning to the example in Table 1 , we see that four years after Jane Johnson (PIK=09) changed her first name from John, she changed her sex-coding from "M" to "F". At the same time that John Brown (PIK=10) changed his name from Jane, he also changed his sex-coding from "F" to "M". John Miller's (PIK=08) sex-coding change, however, is not consistent with a gender transition for two reasons. First, his first name did not change. Second, his sex-coding changed before he turned 16. Such scenarios are relatively common among sex-coding changes, and appear to reflect corrections to mis-entered sex-coding during the process of applying for an SSN, which is why the age-rule is important for our estimates.
Once likely transgender individuals are identified in the SSA data (allowing the identification to vary by confidence threshold of names and whether or not their sex-coding changes on the account) it is not difficult to calculate the number transgender-consistent claims per year and the number of SSN holders identified as likely transgender who were alive during the 2010 Census. Similarly, it is straightforward to explore how many people change their names and sex-coding at the same time, how many change their names first, and (for the latter group) what the average number of years is between the name and the sex-coding change. In order to learn about race, ethnicity, and geographic characteristics, however, we must link the SSA records to the most recent decennial census.
Record linkage
To ensure non-disclosure of SSNs other Personally Identifiable Information (PII), the Census Bureau assigns each individual a PIK, which is a unique identifier used internally by the Census to link individuals across data sets for statistical and research purposes. The Census Bureau's Center for Administrative Records Research and Applications (CARRA) uses probability record linkage techniques and personal information such as name, date of birth, and residential location to assign PIKs to individuals' census records, where possible, through the Person Identification Validation System (PVS) (see Wagner and Layne, 2014 , for more details). The Census Bureau developed the PVS as part of its ongoing research to improve data quality and reduce costs of data collection.
The 2010 Census collected information on 308,745,538 individuals residing in the U.S. during April 2010. 10
Of these, 280,989,153 records (91.0 percent) were assigned PIKs. These 281.0 million records included 10,486,988 duplicate PIKs. This occurs when two census records have the same probability of being a match to the person represented by a given PIK. I am able to resolve 53 percent of the duplicates by dropping records of 5,552,757 individuals who were identical to their duplicates in terms of state of residence, reported sex, race, Hispanic origin, and age (the main census variables used in my analysis). Because the information is identical for these records, dropping all but one can be done without introducing new measurement error.
I next reduce the number of duplicates that need to be resolved by linking the remaining census records (including the remaining 4.9 million duplicates) to the 89,667 individuals in the SSA Numident who were determined to be likely transgender. The match yielded 90,686 potential linkages, of which 88,663 are unique matches and 1,019 are duplicates. I begin by keeping only duplicates with the closest agreement in age between the SSA records and the census records, which eliminates 346 duplicate records. I then randomly select one of the within-state duplicates, which eliminates 397 additional duplicates. This will not introduce bias to my estimates of the geographic distribution of likely transgender individuals, but it will introduce attenuation bias to estimates of race, Hispanic origin, sex-reporting, and age. Finally, I randomly drop the remaining 276 duplicate PIKs. I am left with 89,667 valid links, a 100 percent match rate.
Results
Results from administrative data
4.1.1 Transgender-consistent claims, 1936-2010 Table 4 shows the number of individuals appearing in the SSA Numident between 1936 and 2010 whose records meet the criteria, described above, for being likely transgender. The top Panel A gives results for the entire universe of SSN holders, while Panels B and C give estimates for Male to Female (MTF) and Female to Male (FTM) likely transgender individuals, respectively. The first row within each panel gives the number of people who changed their first name in a way consistent with gender transition, and the second row gives the number who changed their sex-coding in the same direction as their name change. Thus, the second row within a panel imposes more restrictive requirements for being identified as likely transgender than the first row within a panel. Moving from left to right across columns gives the results using the 90 percent, 95 percent, and 99 percent confidence thresholds for the gender of the original and new first names. Since these confidence thresholds are increasingly demanding, the most conservative results appear in the bottom-right cell of each panel, and the most inclusive estimate appears in the top-left cell.
According to the most inclusive criteria, which require a name change consistent with gender transition using the 90 percent confidence threshold, 135,367 individuals in the data are likely to have transitioned gender between 1936 and 2010. As the name confidence thresholds become more demanding, moving rightward across the columns, the figures attenuate; the 95 percent confidence threshold yields a count of 106,550 while 64,738 individuals have name changes that meet the 99 percent confidence threshold. These figures include any individuals who changed their first name from a traditionally female name to a traditionally male name (or vice versa), which is consistent with that person taking steps to be socially recognized as a gender distinct from the sex assigned at birth, regardless of whether that person has taken steps to alter his or her physical appearance through hormone treatment or surgery. The second row within each panel shows results requiring individuals to alter their sex-coding in the same direction as their name change. Between 1936 and 2010, the number of adult SSN holders who changed their first name and sex-coding in the same direction ranges from 21,981 (using the 99 percent confidence threshold) to 30,006 (using the 90 percent confidence threshold). It is difficult to know how the SSA responded to requests to change the sex-coding on a person's account during the first several decades of its existence, however from 1980 through 2013, evidence of scheduled or completed SRS was necessary to change the sexcoding on a person's account. The bottom row of each panel, therefore, may be include individuals whose gender transition included surgical intervention; uncertainty about how individual cases were handled prior to 1980 as well as how closely later policies were followed should be taken into account when interpreting these figures.
We now turn to the bottom two panels, which break Panel A out by gender. Looking at the bottom rows of Panels B and C, which require corresponding name and sex-coding changes, likely transgender women (MTF) make up a larger share of the total number of likely transgender individuals than do likely transgender men (FTM). This is consistent with much of the previous literature, which finds that the rate of MTF transitions involving SRS is higher than FTM transitions involving SRS (see, for example, APA, 2000; Bakker et al., 1993; Tsoi, 1988; Pauly, 1968; Wålinder, 1968) . However, this relationship is reversed when using name changes but not sex-coding changes. Two possible mechanisms may underlie this reversal. On the one hand, since for over 30 years the SSA required evidence of scheduled or completed genital SRS to change the sex-coding on one's account, differences in the cost, complexity, and effectiveness of surgical interventions for FTM transitions versus MTF transitions could curtail the number of people who have changed their name and sex-coding from female to male, but not the number who have changed their names only. On the other hand, the results using name-changes alone in Panel C may suffer from more measurement error than the corresponding results in Panel B. Table 2 showed that females file more claims than males. Since females names are longer and more complex, variant spellings and errors in writing the first name (such as transposing two letters) can shift that person into the group being checked for likely transgender status (Lieberson and Bell, 1992) . If the "new" first name is unique, then the algorithm will look to their middle name. Since females are more likely to be given male names or to use maiden surnames (which are often male first names) as middle names, they could be falsely identified as likely transgender (Goldin and Shim, 2004) . I have taken several steps to minimize this type of measurement error, but I cannot eliminate it entirely. The results from the linked Census data in Section 4.3.3, support the second story, although I cannot rule out the possibility that both mechanisms are at play.
The results in Table 4 do not include those who have not legally changed their names, who have changed their names through common-law, whose name(s) do no meet my minimum confidence threshold, or whose gender transition did not involve a name change at all. Furthermore, my results do not include people who do not possess SSNs, who transitioned before attaining an SSN, or who transitioned before turning 16. For these reasons, these results are likely to undercount the number of transgender people in the data and should not be construed as an estimate of the total population of people who have transitioned gender over the time frame. Nevertheless, the results can inform us of general features of the data and trends in certain types of claims over time.
Historical rates of transgender-consistent claims
We now turn to the question of how the annual flows of claims that are consistent with gender transitions have changed during the years since the SSA was established. Figures 2-4 investigate changes in the frequency of claims that are consistent with gender transitions relative to all other claims. Transgender-consistent claims are defined as any name changes that meet the 90 percent confidence threshold, and any sex-coding changes that move in the same direction as the name changes. If the name change and sex-coding change occurred separately, then each claim is counted; if the name and sex-coding changes occurred simultaneously, then that is counted as a single claim. All other claims are considered non-transgender-consistent claims and are used as a benchmark of growth in claims due to changes in the population or the legislation and uses of the SSN over time. 11 as well as the results of my inspection of 1998, are available upon request.
We begin by looking at annual counts of claims that are consistent with gender-transitions and counts of all other claims. Figure 2 plots the counts of transgender-consistent claims and all other claims by year, from 1936 to 2010. Transgender-consistent claims are shown with the solid line and measured on the left-hand axis, which ranges from 0 to 4,500 claims. Non-transgender-consistent claims are shown with the dashed line and measured on the right-hand axis, which ranges from 0 to 30 million claims. Immediately evident is that transgender-consistent claims appear as early as the 1930s. In addition, there is marked growth in both the number of transgender-consistent claims as well as the number of all other claims processed each year. For non-transgender-consistent claims, this growth appears to begin in the late 1940s, while transgender-consistent claims grow steadily from the SSA's inception in 1936. Growth in both types of claims accelerates in the early 1970s. This decade was a time of rapid expansion of the use of the SSN for purposes outside the Social Security Program. For example, new legislation required financial institutions to obtain SSNs of all their customers in 1970; in 1975 all recipients of federal benefits were required to provide an SSN; and 1976 brought legislation that allowed states to require SSNs for taxes, eligibility for state programs, and motor vehicle registrations (Puckett, 2009 ). In addition, the SSA began to store information on each SSN in a digital Numident in 1972, and the next several years were spent digitizing previous paper records, all of which could contribute to the sharp rise in claims during the 1970s. These factors seemed to have a similar impact on the number of transgender-consistent and non-transgender-consistent claims during that time. By 1979, the number of claims had dropped back to its 1960s levels. The sharp spike in non-transgender-consistent claims in 1987 is likely attributable to the Immigration Reform and Control Act, which was signed into law toward the end of the previous year and resulted in approximately 3 million immigrants gaining legal status (Bean et al., 1989) . In 1987, the SSA also introduced Enumeration at Birth (EAB), which allows parents of newborns to register their children for an SSN as part of the birth registration process (Puckett, 2009; SSA, 2010) . Interestingly, transgender-consistent claims do not exhibit the same spike in 1987, although a sharp increase in transgender-consistent claims occurred in 1988. During the remainder of the 1990s and early 2000s, the total number of non-transgender-consistent claims per year stayed relatively constant, with small spikes in 1993 and 2001. 12 12 The former was possibly due to individuals filing for Social Security Benefits in anticipation of the effects of the Omnibus Budget Reconciliation Act, signed into law on 10 August 1993, which increased the potential tax liability of high-income Social Security beneficiaries (DeWitt, 2001 ).
Transgender-consistent claims peak in 1999 drop in the early 2000s, and then begin to increase again in 2004. While the difference in scale makes it difficult to identify changes that are unique to the transgender population versus the broader population, these annual counts show clearly the growth in both types of claims.
To help identify years in which growth in transgender-consistent deviated from the rate of growth in other types of claims, we next consider Figure 3 , which plots the annual percent change in transgender-consistent claims, de-trended by the annual percent change in non-transgender consistent claims. That is, Figure 3 shows the difference between the year-over-year growth rate of transgender-consistent claims and non-transgender-consistent claims. The first thing to note is that from the SSA's inception until 1948, transgender-consistent claims grew at a faster rate than non-transgender-consistent claims. From 1948 to 1975, transgender-consistent claims grew at a pace that was typically lower than the growth in all other claims. The expansions in the use of the SSN in the 1970s appear to have had larger impact on the growth of transgender-consistent claims than non-transgender-consistent claims. The mid-1970s also saw some of the first political gains for transgender constituents, including the Connecticut District Court's decision that a transgender person had the right to have the sex-coding changed on her birth certificate; the passing of the first city ordinance protecting the civil rights of transgender people in Minneapolis; and the New York State Supreme Court decision that a transgender woman, Renée Richards, was eligible to play in the U.S. Open tennis championships (Darnell v. Lloyd, 1975; City of Minneapolis, 1975; Amdur, 1977) . It is possible that those events encouraged the especially high growth in transgenderconsistent claims during those years and, to a lesser extent, the decade that followed. Growth in transgender-consistent claims outpace growth in non-transgender-consistent claims in 1982 and 1988, although I was unable to identify major events in U.S. transgender history or in the history of the SSA that could explain this feature of the data. Finally, a jump in the de-trended growth rate of transgender-consistent claims is observed in 1998, followed by a relative drop in 2000 and 2001, which corresponds to the introduction of stricter rules regulating sex-coding changes (Spade, 2008) . Soon thereafter, increased concern over security during the onset of the War on Terror led the Department of Homeland Security (DHS) and the SSA to begin sending letters to employers whose employees' stated information on name and sex did not match the records associated with their SSNs. As a result, several individuals' transgender status was involuntarily disclosed at work, which may have increased the incentive for transgender people to change the sex-coding on their files. 13
13 The SSA ended this policy in September, 2011 (NCTE, 2011 .
To help disentangle the influence of these events, I next present annual counts of each type of transgender-consistent claim: first name changes, sex-coding changes, and simultaneous changes. Figure 4 shows the annual counts of first name changes (shown with the dashed line), sex-coding changes (shown with the solid line), and simultaneous changes (shown with the dotted line). First name changes are measured on the left-hand axis, which ranges from 0 to 4,000. Sex-coding and simultaneous changes are measured on the right-hand axis, ranging from 0 to 1,400. Figure 4 demonstrates that, while the different types of transgender-consistent claims often follow the same patterns of growth and decline, there are also instances in which the patterns vary across the different types of claims. For example, all types of transgender-consistent claims occur during the early decades of the SSA, but are rare. This is especially true for claims that involve changing the sex-coding on one's account. Simultaneous changes become more common in the late 1960s, and all types begin to increase during the 1970s. However, 1982 shows a large jump in simultaneous (sexcoding and first name change) claims, while separate claims for first name changes and sex-coding changes do not have nearly as dramatic an increase in that year. By 1988, though, all three types of claims increased substantially. Finally, between 1999 and 2002, we see a dramatic drop in name changes accompanied by a growth in sex-coding changes and simultaneous changes. Because these trends begin before the tightening of identity documentation oversight during the War on Terror, I do not interpret these results as evidence of individuals responding to the incentives of the War on Terror policies.
Characteristics of likely transgender individuals during the 2010 Census
The remainder of the paper focuses on the subset of likely transgender individuals in the SSA data who were alive during the 2010 Census. The discussion begins by presenting the number of individuals in the SSA data who meet this additional criterion and then examines the order and timing in which individuals change their names and sex-coding. Finally, I present demographic characteristics and residential distributions that are derived from linking the SSA data to the 2010 Census. Table 5 shows counts of individuals in the SSA Numident who were alive during the 2010 Census and who changed their first names and sex-coding in ways that are consistent with transitioning gender. Table 5 mimics the layout of Table 4 by showing results for each of the name-change confidence thresholds broken down by those who change only their names and those who change both their names and their sex-coding. As in Table 4 Panel A in Table 5 shows that, of all likely transgender individuals in the SSA Numident, about 66 percent of all who changed their names only and 73 percent of all who changed their name as well as their sex-coding were alive during the 2010 Census. Overall, 43,547-89,667 individuals changed their names from male to female or female to male, depending on the confidence threshold used. Of these, 16,155-21,833 also changed their sex-coding in the same direction as their name change. Depending on the confidence threshold, 24.3-37.1 percent of name changers also changed their sex-coding; this is close to but slightly higher than the results in Table 4 (22.2-34.0 percent).
Counts
Panels B and C show results for likely transgender women (MTF) and likely transgender men (FTM), respectively. The number of likely transgender women in the SSA Numident range from 19,019-32,027, based on first name changes only, and from 11,028-14,338 based on both the name change and sex-coding change. For likely transgender men, these ranges are 24,528-57,640 and 5,127-7,495. The ratio of those who change both their name and their sex-coding to those who change their name only is approximately the same for transgender men in Table 4 and Table 5 , at approximately 0.13 to 0.21. For transgender women, however, the ratio is higher in Table 5 , ranging from 0.448 to 0.580, than in Table 4 (0.398-0.530). This suggests that younger likely transgender women in the SSA Numident are more likely to change both their name and their sex-coding than the likely transgender women who were no longer alive at the time of the 2010 Census.
Transition paths of those alive during the 2010 Census
The structure of the SSA Numident allows us to investigate the paths people take in documenting their gender transition. Table 5 demonstrates, among other things, that there are many more people in the data who change their first names in ways that are consistent with gender transitions than there are people who change their first names as well as their sex-coding. But of this second group, what paths to do people take to ensure their legal records reflect their asserted gender? At what age do people typically begin to document gender transition? Do name changes and sex-coding changes occur simultaneously, or do people change their names first and their sex-coding later? If they stagger the changes, how much time lapses between changes? Table 6 helps answer these questions. I present counts of those who changed their name first and counts of those who changed their names and sex-coding simultaneously. 14 14 None of the likely transgender individuals in the data changed their sex-coding before their names.
For each group, I also show the mean age at the time of the first change (i.e., name or sex-coding), and the mean number of years between that change and the second change. I present this information for the mutually exclusive categories of those whose names met the 90 percent confidence threshold but not the 95 percent threshold, those whose names met the 95 percent threshold but not the 99 percent threshold, and those whose names met the 99 percent confidence threshold or above. As in Table 5 Among those who changed their first names and sex-coding in ways that were consistent with gender-transition, the majority made both changes at the same time. For example, 73.0 percent of those whose original and new names met the 90 percent but not the 95 percent confidence threshold changed both their name and their sex-coding concurrently. As the requirements on names becomes stronger, we see an increase in the percentage of people who concurrently change their name and sex-coding to 79.0 percent (among those whose names meet the 95 percent but not the 99 percent threshold) and 80.0 percent (among those whose names clear the 99 percent threshold). These patterns are similar for the likely transgender women and likely transgender men. The average age at which people make simultaneous name and sex-coding changes ranges from about 34 to 36 years old, depending upon the confidence threshold.
Overall, the remaining 20.0 to 27.0 percent of change their names first, although it is more common for likely transgender men to change their names before their sex-coding than it is for likely transgender women. 15
15 The exception to this is among the group whose names clear the 99 percent confidence threshold.
Among those who change their name before their sex-coding, the mean age at which the name change occurs ranges from 32 to 36, and about 5 to 6 years pass before they change their sex-coding.
Results from linked data
This final section presents results from linking the records of likely transgender individuals in the SSA Numident to their responses in the 2010 Census. For simplicity, this section, like the previous one, will focus on the likely transgender individuals whose name changes met the 99 percent confidence threshold, although results using the other thresholds are similar. After examining basic demographic characteristics, I briefly discuss the distribution of likely transgender individuals across states. Table 7 compares the distributions of likely transgender individuals' responses to questions about race, Hispanic origin, and age to the distribution of responses given by the rest of the population. Table 8 compares the likely transgender individuals' response patterns to the question about sex to those of the non-transgender population. In both tables, the top row shows characteristics for individuals in the 2010 Census who were at least 16 years old, were assigned a PIK, and were not identified as likely transgender. Panel A shows the same characteristics for all likely transgender individuals whose name change met the 99 percent threshold, Panel B shows results for likely transgender women, and Panel C shows results for likely transgender men. As before, the top row of each panel requires a name change only, while the bottom row requires both the name change as well as a corresponding sex-coding change. Finally, Table 7 drops individuals whose responses were given by proxy.
The top row of Panel A shows that individuals who change the gender of their first names were older and less likely to identify as belonging to racial or ethnic minority groups than the general population. For example, 80.4 percent of the likely transgender individuals in the SSA data reported their race as White Alone, which is 3.9 percentage points greater than the nontransgender population. 16 likely transgender individuals were less likely to report Hispanic than the rest of the population. The mean reported age of 55.6 years is just under 10 years older than the mean age of the general population. The age reported on the Census was, on average, 0.8 years younger than the age calculated from the SSA Numident.
The bottom row of Panel A shows differences between those likely transgender individuals who change their sex-coding as well as their names and those who change their names only. Those who change both their names and their sex-coding were more likely to report their race as White Alone and less likely to report their race as Black or African American Alone. They were more likely to report Hispanic and were approximately 2.5 years younger on average than those who changed their names but not their sex-coding.
Both rows of Panel A in Table 8 , finally, show that the likely transgender individuals in the linked data are much more likely than the rest of the population to leave the question about sex blank or to check both "M" and "F" on the questionnaire. While 1.1 percent of the non-transgender population leave the question blank, 1.8 to 2.0 percent of the likely transgender individuals in the data leave the question blank. And while 0.02 percent of non-transgender respondents check both options, 0.13-0.14 of likely transgender respondents check both options. The bottom rows of Panels B and C show that 83.4 percent of transgender women who changed both their name and their sex coding reported "F" on the Census, and 88 percent of transgender men who changed both their name and sex-coding reported "M", giving strong support for the approach of using administrative files for identifying likely transgender individuals, especially when sex-coding changes are included. The top row of Panel B shows that when we only use name changes, 71.2 percent of likely transgender women report "F" on the Census. The top row of Panel C, on the other hand, shows that only 27.9 percent of those identified as likely transgender men reported "M" on the Census, confirming the suspicion that measurement error is worse for those whose original first names are feminine. Nevertheless, we have no way of knowing how transgender individuals, particularly those whose legal sex may not have changed, interpret the Census question on sex. Nor can we be sure that the way transgender men interpret the question does not differ from the way transgender women interpret it. Ultimately, I am most confident of the measure that requires changes in sex-coding for transgender men. Still, I hand-checked 100 randomly-selected people identified as likely transgender men using their names alone (and the 90 percent confidence interval), and I found an accuracy rate of 82.2 percent, so differences in how the Census question is interpreted and answered may in fact play an important role in the finding that only 27.9 percent of likely transgender men (identified by their name changes only) report "M" on the questionnaire. Certainly further research is needed.
Very little evidence exists on the demographic characteristics of transgender individuals living in the U.S., however it is important to discuss how my results complement the earlier work that has been done. Rosser et al. (2007) and Grant et al. (2011) , both internet-based surveys, are the only studies I am aware of that report demographic characteristics of national samples of transgender individuals. Neither are able to report demographic characteristics separately for transgender men and transgender women, so I compare their results to the results in Table 7 , Panel A. Like this paper, both Rosser et al. (2007) and Grant et al. (2011) report that individuals in their data are disproportionately white and less likely to report their race as black, relative to the general population. For example, 2.8 percent of the sample in Rosser et al. (2007) and 5.0 percent of the sample in Grant et al. (2011) report their race as black, while just over 11 percent of the general population identifies as Black or African American Alone. 17 distribution in my data is closer to the general population distribution than the internet-based samples. This is also the case for those who report Two or More Races as well as Hispanic. In addition, Rosser et al. (2007) and Grant et al. (2011) both have disproportionately high response rates from those in their 20s and 30s, and low response rates from those over the age of 40. This is not an issue in my data, since it is built off all individuals with an SSN who also appear in the 2010 Census. All told, Table 7 not only provides unique information on the demographic characteristics of those in the SSA files who are likely to be transgender, but it also illustrates the value of a big data approach (i.e., using large administrative files and record linkage techniques) for including members of minority groups and the limitations associated with self-selected sampling strategies.
Finally, Figure 5 Cut-offs on the map are based on the distribution of the prevalence of likely transgender individuals across states and correspond to the minimum to the 10th percentile, the 10th to the 25th, the 25th to 50th, the 50th to 75th, the 75th to the 90th, and the 90th percentile and above. Colors darken as the prevalence of likely transgender individuals increases, thus, North Dakota, South Dakota, Louisiana, Alabama, Kentucky, and West Virgina are in the lowest decile, at 1.4-2.7 likely transgender individuals per 100,000. On the other hand, Washington, Oregon, Vermont, and New Hampshire are in the top decile, at 7.3-10.6 likely transgender individuals per 100,000.
Both Rosser et al. (2007) and Grant et al. (2011) map the geographic distribution of their survey respondents, and in both cases the distribution of respondents closely mirrored the population distribution. This is especially clear in Grant et al. (2011) . An advantage of showing the prevalence, rather than the raw counts, is that it reveals the states where likely transgender individuals more commonly reside, conditional on how the entire population is distributed across states. For example, Montana is among the least populated states, yet its prevalence of likely transgender individuals falls within the 50th to 75th percentile, at 4.1-5.8 likely transgender individuals per 100,000. We also see relatively high prevalence rates in Nevada, New Mexico, Maine, New Hampshire, and Vermont. On the other hand, Texas is one of the most populated states, but its prevalence falls within the 25th to 50th percentiles.
It is beyond the scope of this paper to make claims about why the likely transgender individuals in the SSA data are more likely to live in certain states than in others. However, it is important to note that each of the states with prevalence rates in the top decile had state-level policies that protected people from discrimination on the basis of gender identity at the time of the 2010 Census. In fact, every state in the 75th percentile and above, except for Arizona and Massachusetts, had a state-level nondiscrimination law in place during the 2010 Census; and Massachusetts enacted a law protecting individuals from discrimination based on gender identity in 2011. On the other hand, no state in the bottom quartile had such a law, although there were some instances of city ordinances and nondiscrimination laws covering public-sector employment. This is not to suggest that the laws (or lack thereof) are the cause of how the likely transgender individuals in the data are distributed across states-the presence of a "critical mass" of transgender individuals may rather be the cause of the laws-but it is a fact that is worth noting and certainly warrants further research.
Conclusion
Learning about the transgender population is difficult, because very few large-scale data sets exist that allow researchers to directly observe whether or not a respondent has transitioned. Of the large-scale data sets that do permit direct identification, issues associated with convenience sample designs and self-selection into the sample limit researchers' ability to make inferences about transgender individuals in general. This paper presents a novel method for identifying likely transgender individuals in federal administrative files and learning about some of their basic characteristics. When transgender individuals file a claim to legally change their first names, their sex-coding, or both with the SSA, a record of that transaction is created. By sorting through hundreds of millions of claim records from 1936 to 2010, I am able to identify individuals who changed their names from strongly feminine to strongly masculine names (or vice versa) and also changed their sex-coding in the same direction. I am able to identify 135,367 individuals who are likely to be transgender. Of these, 89,667 were alive during the 2010 Census. Probability record linkage techniques allow the persons in the SSA Numident to be linked to their responses to questions on race, Hispanic origin, age, sex, and residential location in the Census.
This approach surely misses certain transgender individuals-those whose name changes are not as sharply gendered, those who change their names via common law (and not with the SSA), those who do not change their names at all, and those who do not have an SSN-so my data are open to some of the same critiques as in previous studies. Nevertheless, there are several features that suggest these data are a major contribution to the existing literature. First, while the sample I use is not immune to selection bias, the selection occurs (1) when a transgender individual chooses whether or not to register name and sex-coding changes with the SSA and (2) when my algorithm labels transgender individuals as non-transgender because their changes do not fit the criteria I set. Both of these, I argue, are less problematic than when an individual chooses to participate in a survey (especially a survey targeting a specific population) or is directly sought out by the researcher via snowball or other convenience samples. First, because it is extremely important for all individuals to have their legal names and sex-coding match the identity they assume in day-today life, people who transition genders have a strong incentive to update their legal documentation; so the first type of selection bias will likely be relatively small. Second, while my method for sorting through name changes will inevitably introduce measurement error, particularly for people with originally feminine, non-western, and otherwise unusual names, my demographic analysis shows that I identify a higher proportion of non-white and Hispanic likely transgender individuals than earlier studies. I find that transgender-consistent claims registered with the SSA are evident as early as 1936 and increased over time, along with all other types of claims. Most likely transgender individuals alive during the 2010 Census had only changed their name from one gender to another, but 21,833 had also changed their sex-coding. Of those who change both their names and their sex-coding, most update both concurrently, although just over a quarter change their name first and their sex-coding 5-6 years later. Most are in their mid-thirties when they begin to register these changes with the SSA, although transgender women begin the process somewhat later in life.
Analysis of the linked SSA-Census data provides many insights into the characteristics of likely transgender individuals in the SSA data. First, I find the proportion on non-white and Hispanic trangender individuals in the U.S. is greater than what has been found in previous studies. In 20 addition, individuals in the SSA files who are likely to be transgender are much less likely then the non-transgender population to respond to the Census question on sex, and those who do respond are more likely to check both options. Finally, I find that likely transgender individuals in the SSA files are overrepresented in states with laws banning discrimination on the basis of gender identity or expression. Furthermore, states where likely transgender individuals are most underrepresented have no anti-discrimination laws.
This study showcases the promise of big data techniques like administrative record use and record linkage for investigating questions that conventional data sources would not permit. In particular, the innovative use of these data can permit researchers to identify members of populations that are exceedingly difficult to identify in conventional surveys but are increasingly the subject of popular and political discourse. As data availability increases and as attention to the social and economic experiences of transgender individuals intensifies, the techniques developed in this paper can provide vital information on likely transgender individuals' earnings and employment, marriage and divorce, household composition, access to health care, and even incarceration rates. This information, in turn, can promote informed policy and ultimately cast light on a part of our society traditionally kept in the shadows. 14,812,561 9.4 Name falls within 99%-100% threshold 127,017,114 80.6
Source: SSA Numident, 1936 Notes: Includes all observations whose name and sex-coding did not change. Total count is less than the total number of stable records in Table 2 because the gender of a name is undefined for records with names that are a single letter or appear fewer than 3 times in a decade. Numident, 1936 Numident, -2010 Notes: Individuals must be alive on 1 April 2010, at least 16 years old at the point of the name change or sex-coding change, and both changes must be permanent (within the SSA files) to be included. 3,500
